Introduction

26
The process of joining (coalescing) and splitting (recombining) lineages backwards-in-time for a sample of 27 homologous sequences is described by the coalescent with recombination (Hudson, 1990 ). An important 28 consequence of recombination is that there can be many distinct genealogies, known as marginal genealo- bination. In this sense the approximation is a Markovian process along the sequence, and substantially 34 reduces model complexity for long sequences compared to the full coalescent with recombination (Wiuf 35 and Hein, 1999).
36
The Pairwise Sequentially Markov Coalescent (PSMC) uses a special case of the SMC approxima- 
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Results and Discussion
79
Simulations
80
To assess the impact of reference genome contiguity on population size estimates, we simulated genomes To quantify estimation error, we used inferences from the unfragmented datasets as the 'truth', not size estimates from all individuals in a given population. size histories were again estimated using psmc and msmc, for each of the fragmented and unfragmented 121 datasets (Fig. 2) .
122
Both programs produced largely the same demographic history when processing long scaffolds, al-
123
though msmc did not estimate population sizes for time intervals as far into the past as psmc (3 Mya vs. The data conversion script provided with psmc (fq2psmcfa) ignores scaffolds having fewer than 10000 129 genotype calls by default. This excluded most of the 10 kb scaffolds, due to the presence of one or more 
142
To determine if truncation was a major cause of the different behaviour between psmc and msmc, we 143 ran psmc on 10 kb scaffolds that were artificially truncated to match the information available to msmc.
144
Scaffolds containing no heterozygotes were omitted. This output ('10 kb (truncated)' in Fig. 2A ), shows 145 a similar trend to that for msmc on 10 kb scaffolds, although differences remain. particularly in the more recent time bins, for psmc with artificially truncated 10 kb scaffolds ( Fig. 2A) 
154
and for msmc with 10 kb and 100 kb scaffolds (Fig. 2B) .
155
Conclusion
156
Reasonable parameter inference in a hidden Markov model relies on observations leading up to, and 157 following, transitions in state. For PSMC, this corresponds to having sufficient sequence contiguity to 158 observe genomic tracts on both sides of historical recombination breakpoints. The chance that a short 159 scaffold will contain a tract covering a recombination breakpoint depends not only on the completeness 160 of the reference assembly, but also the sparsity of breakpoints.
161
Several factors contribute to breakpoint density, including population size, the per base recombination suggests that PSMC inference can be reasonable from scaffolds as short as 100 kb for a wide range of 167 datasets.
168
Scaffold level reference assemblies are unlikely to contain equally sized scaffolds, as evaluated here.
169
Generally, a scaffold-level assembly contains tens of long scaffolds and tens of thousands of short scaffolds.
170
7
In such cases, it is reasonable to exclude scaffolds shorter than 100 kb when running psmc, and scaffolds
171
shorter than 1 Mb for use with msmc. However, we caution that this guideline may be too optimistic for 172 severely bottlenecked populations or genomic data aligned to a very low quality reference assembly.
173
Materials and Methods
174
Simulations
175
Simulations were performed using scrm (Staab et al., 2015) , with mutation rate µ = 1. For each simulated population history scenario and each estimation program, estimates from the unfrag-186 mented datasets were used to fit a loess function of log population (log(N )) against log time (log(t + 10)).
187
The offset of 10 was based on a sensitivity analysis and the smallest non-zero time. An optimal value 188 for the loess smoothing parameter was selected by maximising the corrected AIC (AICc) (Hurvich et al., 189 1998). Mean squared error for individual i in population j was calculated as
where the sum extends over all k time intervals, n ijm is the log of the population size estimate in interval 192 m, andñ ·jm is the prediction for the mth time interval from the loess function fitted for the jth population.
193
The variance step function var j (m) at time interval m, for the jth population, was calculated by splitting 194 time on a log scale into 10 even-width bins and calculating the variance in each bin.
195
Mixed effects modelling Team, 2017). The fixed effects were log(scaffold length) and estimation program. Up to two-way inter-204 action terms were considered for each of the cubic log(scaffold length) terms with estimation program.
205
To account for repeated measures from each simulated individual due to multiple levels of fragmentation,
206
we included random effects. Both random intercepts and random slopes were considered.
207
All significance testing was performed using the lmerTest package (Kuznetsova et al., 2017). All 208 assumptions of the linear mixed-effects models were assessed and regarded as reasonable. The 95% 209 prediction intervals were based on simulation with the merTools package (Knowles and Frederick, 2016).
210
Empirical dataset
211
We downloaded the cram alignment file for HG00419, aligned to assembly GRCh38DH, from The 1000 
